Abstract-When the transformer works for a long time, its winding is gradually deteriorated with time, and the fault phenomena such as winding short circuit or circuit break lead to serious power supply accidents. Under high temperature conditions, this paper analyzes the degradation process of the winding, and determines that the resonant frequency can be used as testing index of its degradation process. Therefore, the resonant frequency is used to monitor the performance degradation state of the transformer winding and realize the advance prediction, which can effectively avoid accidents. Accurate prediction of system reliability is of plenty of importance to engineering systems for accomplishing the designate function and system safety management. As the concerned system is getting complicated and more sufficient health monitoring measurement is available, the traditional reliability prediction schemes resorting to only one kind of prediction approaches, model-based or data-driven, begin to show their limitations. This paper proposes a PF prognostic method by combining traditional model approaches. The effectiveness of the proposed method is verified by thermal degradation experiments. This method improves the reliability of power system and is conducive to the rapid development of smart grid.
I. INTRODUCTION
Transformer is the main equipment of electric energy conversion, which plays a very important role in the power system. While the transformer fails, it will lead to extremely serious accidents. Therefore, it is very important to find the potential fault of the transformer in time. This is an important measure to ensure the safe operation of the power system [1] [2] [3] [4] [5] . In the transformer assembly, winding is one of the key components of the transformer. According to literature [6] [7] [8] , the transformer winding fault accounts for 70%-80% of the total number of transformer faults, and the insulation failure rate of the winding is the highest. The common dry transformer winding in the industrial system is composed of several transformer winding. The insulation fault of the winding is mainly caused by the interturn or interlayer short circuit fault of the transformer winding, and eventually leads to the transformer's fault. Therefore, it is of great significance to study the status of the transformer windings before turn to turn short circuit, and to take effective measures to evaluate the state of the transformer, which is of great significance to avoid the serious accidents of the transformer effectively [9] [10] .
Activities of health monitoring and life prediction are of great importance to engineered systems. Generally, the reliability prediction approaches can be categorized as [11] [12] :1) model-based approaches, 2) data-driven approaches and 3) hybrid approaches. Model-based prediction technology relies on combining the operating mechanism and physical failure model [13] [14] . Nevertheless, inadequate modeling information and changes in physical behavior or environmental conditions may limit its prediction accuracy [15] . Data-driven approaches, using artificial intelligence techniques to track the degradation process, improve the accuracy greatly [16] [17] . However, it may result in inferior results and large variations due to the absence of complete data [18] [19] . Hybrid approaches [20] [21] [22] are produced based on model-based and statistical approaches. However, the statistical technology is only used to update the physical model parameters, not for reliability prediction. In case of an inaccurate physical model, this hybrid technology will increase computational cost but un-improve the predictive accuracy. We can conclude that the limitations of these algorithms lie on: (i) the selected algorithm can't reasonably make full use of physical prior knowledge and measurement data; (ii) it can be less accurate or has poor robustness.
To address the above-mentioned problems, in this work, a new reliability prediction method is proposed by combining the superiorities of model-based approaches and data-driven approaches. The ensemble method can be structured in two phases: 1) Employing the model-based and the data-driven technology respectively to obtain forecast data. 2) The prediction results of such methods are weighted-sum to derive the ensemble data.
The rest of the paper is organized as follows: Section II is devoted to describe the analysis of failure mechanism for winding insulation degradation. The proposed prognostic approach based on particle filter technique is presented in Section III. The detailed implementation for the study is described in Section IV. Finally, from this work, some conclusions are deducted and presented in the last section of the paper.
II. ANALYSIS OF FAILURE MECHANIISM FOR WINDING INSULATION
The wire consists of the following two parts: the conductor, which is usually copper, and insulation, which is made by a kind of polyimide (Fig 1) . As shown in Fig. 2 , the ECM of the inductor proposed in [23] is used in this paper. Considering that the windings of the transformer winding have a distributed parasitic capacitance associated with the insulation on the magnet wire, the distributed capacitance of the winding can be modeled by a lumped capacitance, C connected between the terminals of the winding. According to the ECM, the winding impedance can be expressed as shown: (1) where is the imaginary unit. The real part is called "resistance", and the imaginary part is called "reactance". Resistance is the opposition to the electrical current, and reactance is the opposition to a change in voltage or current due to capacitive or inductive behavior. The impedance of an ideal resistor is purely real (R), while the impedance of an ideal inductor or capacitor ( )is purely imaginary. Positive reactance is referred to as inductive reactance, while negative reactance is referred to as "capacitive reactance." The resonance of an electrical circuit is the frequency at which the inductive reactance is exactly balanced by the capacitive reactance.
The resonant frequency is defined as the frequency at which reactance is 0, and can be obtained by splitting the impedance into its real (resistance) and imaginary (reactance) parts, then setting reactance equal to zero and solving for frequency. Thus, the resonant frequency can be expressed as shown in eq. (2) . (2) The transformer winding is mainly multi turns of wire wound together, polymer insulation layer thickness of (where is the transformer wire cross-section diameter including the thickness of the insulating layer, and is transformer wire cross-section without including the thickness of the insulating layer). For a round conductor, the location of each elementary surface can be described by one angular coordinate, as shown in Fig. 3 . As a consequence, the elementary capacitance also depends on the angular coordinate. Due to influence of the high temperature stress, insulation layer changes thinner and thinner with increasing of aging time, until the emergence of interturn short circuit or short circuit condition between layers (Fig.4) . (3) is a constant, which is related to the number of winding and the number of turns per layer; is the parasitic capacitance between turns (Fig. 5) . The total capacitance of the basic cell equals the parallel combination of the capacitances of the parts into which the basic cell has been subdivided (4) where is given by (3)
Where is Vacuum dielectric constant, and is Relative dielectric constant.
According to the winding insulation failure mechanism analysis, and with the winding aging, the relative displacement of the winding conductor and insulation will change, due to the loss of the insulation material between the conductor and insulation. These causes will lead to capacitance change and, consequently, resonant frequency change. Therefore, the resonant frequency be used as the health indicator for online health monitoring of the winding insulation considering that it can be measured in situ by injecting high-frequency signals into the winding. According to the winding insulation failure mechanism analysis in this section, the resonant frequency can be used as the health indicator for health monitoring of the winding insulation.
III. PARTICLE FILTER PROGNOSTIC APPROACH
To estimate and predict winding's health state, particle filter (PF) method is herein selected thanks to its ability to efficiently solve a wide range of estimation and prediction problems(nonlinear, non-gaussian problems). Another advantage of PF is that it allows to easily online update the model parameters as observations become available. In the following subsection, the basic idea of PF is briefly recalled.
A. Principle of Particle Filter
PF is a statistical filtering method based on Bayesian Monte Carlo framework. It uses Monte Carlo method to solve integral computing in Bayesian estimation, the Monte Carlo method is based on the law of large numbers. The basic idea of PF is: first, a set of random samples are generated in state space according to the empirical conditional distribution. These random samples are called particles. Then, particle weights are adjusted according to the observation value, these adjusted particles information can correct initial empirical conditional distribution. When the number of samples is large, the Monte Carlo method approaches to the real posterior probability density function of state variables.
The dynamic state space model is generally used to describe the winding degradation trend over time. The dynamic state space model consists of state model and observation model:
and are state variable and observation variable of current moment of system. and are process noise and observation noise with zero mean. They are independent with each other. It is generally assumed that state transition process follows the first-order Markov model, it means the state of current moment is only related to the state at the previous moment .
Bayes filtering contains two phases: prediction phase and update phase. In the prediction phase, state model is used to predict prior probability density . In the update phase, the prior probability density is corrected with knowledge of observation value and the posterior probability density is obtained. For convenience, and respectively represent state values and observation values from the beginning to the moments.
In the prediction phase, the probability density function in moment is assumed to be known, and the prior probability density is obtained from by Bayesian filtering with the knowledge of and :
After obtaining the latest observation value k y , the prior probability density is updated by Bayes formula to obtain the posterior probability density:
is normalization constant that .The conditional mean of the posterior probability density will be used as estimation value of system state.
(10)
Bayesian filtering is a complete state estimation process. However, except for some special system models (such as linear and Gaussian), integral operation in Bayesian filter is difficult to obtain the closed-form solution of posterior probability for the general nonlinear and non-Gaussian systems. Therefore, only suboptimal solutions can be found and Monte Carlo simulation is an effective method for obtaining suboptimal solutions.
The core idea of Monte Carlo simulation is to use a large number of sample points to approximate the posterior probability distribution of variables to be estimated. Independent and identically distributed random samples are extracted from posterior probability density function and posterior probability density function is approximated as:
is drac function, when , and . Sum is used to estimate system state value instead of integral:
In practice, because the specific form of posterior probability density can't be known, it's impossible to sample directly from posterior probability density. A easy sampling importance density function. And is introduced in PF algorithm. With the increasement of particle number, the sum of random samples weights gradually approach the real posterior probability density. The estimation of system state is: (13) The recurrence form of weight of particle i is: (14) The state transition probability density function is used as the importance probability density function and the form of weight is:
The weights of particles should be normalized: We propose here in Fig.6 a procedure to deal with the problem of unknown models. The main idea of the proposed procedure is to establish dynamic models (models with unknown parameters) based on the dependence and expert opinion analysis, and then use Particle Filter as a tool for testing different dynamic models, estimating the unknown parameters of the dynamic models, updating estimated parameters, estimating and predicting the temperature.
For more detail, the procedure contains the following steps:
·Step 1:Data collection and Preprocessing. This step is devoted to removing all unexpected phenomena that can lead to an incorrect identification of the system models.
·Step 2: Dynamic model construction. The objective is to identify all factors that influence the state and observation process. This could be done by using different dependence analysis techniques such as Pearson dependence coefficient, non-linear dependence coefficient, principle component analysis, expert opinions, etc. The models are then designed as functions of influence factors with unknown parameters.
·Step 3: Parameter and Temperature estimating using Particle Filter. The PF is used to estimate the unknown parameters of the designed dynamic models. The temperature is then can be estimated thanks to the estimated models. To improve the performance of particle filter in estimating the unknown parameters of the models, a combination of Auxiliary Particle Filter (APF) and Regularized Particle Filter (RPF) named Regularized PF is chosen.
·Step 4: K-steps prediction and parameter updating. The designed models and their estimated parameters are then tested and used to predict the temperature within the horizon of K-steps ahead. The parameters can be updated or re-estimated during the prediction horizon or at its ending.
We will explain clearly step by step the application of the proposed process to our case study in the following sections.
IV. APPLITION TO VOLTAGE TRANSFORMER WINDING DEGRADATION

A. Experimental platform
The experimental and measurement setups for the experiments presented in this paper are given in this section. The setups are meant to elicit the degradation of the insulation and provide winding impedance measurements that correspond to insulation degradation by thermal aging failure mechanism due to exposure high temperature environment.
The transformer winding used was primary winding of transformer with polyester-imide-based enamel. The dc resistance of magnet wire was about 72.1 . The winding terminals were connected to an Agilent E4980A LCR(inductance-capacitance-resistance) meter, which is capable of take impedance measurements at frequencies ranging from 100 Hz to 1MHz. The connection was made using the Agilent 16047E four-terminal fixture. A schematic of this connection is shown in Fig. 7 . The LCR meter was controlled externally and reactance was measured at 1001 distinct frequencies over its entire spectral range, equally spaced in the base-1000 domain, with a signal amplitude of 500mv rms.
The degradation reactance data can be represented as a vector of measurement times and a matrix of reactance values that are time (t) and frequency (f = /2 ) dependent.
(18) (19) In (19), T is the total number of spectra measured (degenerate cycle number), and N is the total number of frequencies at which reactance is measured (501 in these experiments). With the aid of formulas (19) and (5), the resonant frequency of the transformer winding is obtained.
B. Data collection and processing
According to the experimental platform, the reactance data is obtained from the transformer winding every 18 hours a period, and using the formula (2), obtain the resonant frequency of the corresponding aging time, as shown in Table 1 . And Fig.8 show the resonant frequency from transformer winding insulation degradation. In order to directly reflect the degradation degree of translator, the health index (0-1) is introduced as an indicator of the health of the winding. Therefore, Resonant frequency is normalized, as shown in Table 1 .
C. Prediction of resonant frequency using PF
In this paper, the state equations and observational equations of the following (20) formula are obtained by combining historical data and empirical models. (20) and are process noise, and is resonant frequency of and aging period, and model parameters, and HI is health index.
is the accelerating aging temperature.
The data of 360 hours aging time is used as historical data to predict the degenerate state of the winding. As shown in Figure  9 , the particle filter can basically track the degenerate path of the winding. And as shown in table , the accuracy relative error of the prediction result is within a reasonable range, and with the increase of data, the accuracy of prediction is also improved. V. CONCLUTION This paper presents a particle filter method to predict the performance degradation of transformer winding. The first step of this paper is to establish the performance degradation mechanism model of transformer winding. The resonant frequency of transformer winding is determined as health monitoring parameter, and the thermal acceleration degradation is realized. Based on normalization, the resonant frequency is used as a health index, and particle filter is used to verify its effectiveness in predicting the performance degradation of the transformer winding. The validity of the selected health monitoring parameters is verified by the test and data fitting technique. It lays the theoretical and experimental basis for the final realization of the "self-cognition" state monitoring of the transformer winding. This method improves the reliability of power system and is conducive to the rapid development of smart grid. However, in accelerated aging tests, some data are affected by external factors. In this paper, due to the lack of denoising of the data, the prediction of particle filter has a certain deviation. Therefore, the future work needs to improve the accuracy of particle filter prediction. 
